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Abstract
We investigate cell trajectories during zebrafish early embryogenesis based on
3D+time photonic microscopy imaging data. To remove the collective flow mo-
tion and focus on fluctuations, we analyze the deviations of pairs of neighboring
cells. These deviations resemble Brownian motion and reveal different behav-
iors between pairs containing daughter cells generated by cell division and other
pairs of neighboring cells. This observation justifies a common practice of using
white noise fluctuations in modeling cell movement.
1. Introduction
Embryogenesis is the process through which the cells of an embryo pro-
gressively organize themselves, forming functional compartments that carry out
physiological activities (Fagotto, 2014). The factors that contribute to this de-
velopment are multiple, both genetic and epigenetic in nature (Holliday, 1990).
A number of models have been created aiming to describe the dynamics of
groups of cells during this process (Delile et al., 2017; Ouchi et al., 2003; Pe´rez
and Prendergast, 2007; Stott et al., 1999; Liedekerke et al., 2015; Zaman et al.,
2005). Many models include a stochastic component to account for fluctuations
over a local fluid flow. These fluctuations are often modeled as a white noise for
its conceptual and mathematical simplicity. White noise also allows one to for
an internal dynamics of cells, that may contribute to autonomous, undirected
displacement.
Recent progress in 3D+time imaging of embryonic development, combined
to cell-tracking algorithms (Faure, 2009, Amat et al. (2014)), made possible the
identification of cell trajectories and genealogies in developing embryos. The
zebrafish is particularly well suited for acquiring this type of data thanks to its
external development and the transparency of its tissues. Other species that
are studied using these methods are the sea-urchin, the rabbit and the ascidian
(Fabre`ges et al., 2018, Faure et al. (2016)). The study of these trajectories al-
lows us to corroborate the stochastic component of the aforementioned models,
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provided that one manages to quantify trajectory fluctuations. These fluctua-
tions are difficult to access without a precise model of the flow of cells during
embryogenesis, which is yet not known. To overcome this problem, we use the
fact that during the early embryogenesis of vertebrates, cells follow a flow that is
continuous in space and neighboring cells have similar trajectories. This allows
us to quantify trajectory fluctuations as the deviations of neighboring cells (i.e.
the difference in their positions) and their evolution in time.
In addition, the statistics of relative positions at short times can be used
for studying the behavior of cells after division (or mitosis). It is known that
immediately after division the just divided cells are rounder and less attached
to their neighbors than other cells (Cadart et al., 2014). We hypothesize that
this change impacts the tissue organization. It raises also the question of the
recovery of adhesion after mitosis and whether this delay can be quantified, as
pattern reintegration by the cells after mitosis may be of importance for proper
development. We aim to quantitatively identify this difference in attachment by
analyzing the statistics of relative positions. For this purpose, we study three
groups of pairs of cells:
1. neighbors: pairs of cells that are within a reference distance to each other
(the control group);
2. divided neighbors: pairs composed of one cell after division and another
cell within a reference distance of the first one;
3. sisters: pairs of daughter cells just after division.
From this definition, we see that group 1 contains group 2, that contains
group 3. The reference distance between neighbors is chosen to match to typ-
ical distances between sisters just after division. The study of these groups
also allows us to determine possible differences in the global deviation of cells
depending on whether they are sisters or not. In Fig. 1 we show trajectories
consisting of relative positions of pairs of cells sampled from the three groups.
In the following we present the data, the measurements and the results.
2. 3D+time imaging data from developing embryos
The data consist of a spatio-temporal cell lineage algorithmically extracted
from 3D+time images of four wild type zebrafish specimens that have been
obtained by 2-photon laser scanning microscopy. Image acquisition and image
processing workflow are described in detail in (Faure et al., 2016). Cell lineages
have been reconstructed using the Morphotrack cell tracking algorithm, which
is a non-parametric method based on the estimation-maximization algorithm
(Faure, 2009). The characteristics of each data set are summarized in Table 1.
Each data set consists of 3D volumes taken at regular intervals between
6h30 and 15h15 hours post fertilization. Due to the large size of the zebrafish
embryo, the images do not encompass the animal in toto, covering however a
large portion of its body. As a consequence, cells can enter and quit the field
of view of the microscope at any moment. Three snapshots in Fig. 2 illustrate
one of the data set.
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Figure 1: Three sample trajectories showing the time evolution of relative positions for neigh-
bors (red), divided neighbors (blue) and sisters (green) of the embryo 141108aF. The figure is
a two dimensional projection of the three dimensional trajectories. Given the statistical vari-
ability of each of these groups, it is difficult to sample the pairs of trajectories in a unbiased
manner, which limits the representativity of this sample.
ID Time step Voxel size (µm) Temperature (◦C)
141108a 2m25 1.37 24
141108aF 2m26 1.38 28
141121a 2m30 1.21 26
170315aF 1m40 1.51 26
Table 1: Characteristics of the four studied zebrafish data sets. The study is limited to
the time interval between 6h30 and 15h15 hours post fertilization, encompassing gastrulation
stages and early organogenesis.
Figure 2: Three snapshots of the developing zebrafish embryo corresponding to the data set
141108aF, at 6h30 (left), 11h30 (middle) and 16h30 (right) post fertilization respectively.
Animal pole view. 3D rendering of the raw data with nuclei stained by he expression of
the fusion between a piece of the hitsone H2B and the fluorescent protein mCherry and
membranes stained in green by the expression of a farnesylated form of the green fluorescent
protein (eGFP). On the middle and right images one can see the result of the convergence and
extension movements, showing that cells undertake overall displacements much larger than
their size.
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ID Group # Pairs at t = 0 # Pairs at t = 100
1 neighbors 192795 1725
2 divided neighbors 156236 1308
3 sisters 15395 122
Table 2: Number of pairs of cells per group that coexist for a time larger than t (for the
embryo 141108aF).
The spatio-temporal lineages have been extracted from 3D images by first de-
tecting nucleus approximate center and linking them trough time with a tracking
algorithm (Faure et al., 2016), which is reported to perform with 98% accuracy
in terms of link detection between consecutive time steps. Each data set contains
between 5000 and 10000 cells per time step, the cell number increasing in time
as a consequence of cell division. The whole dataset contains an approximate
cumulated number of 100000 cells.
The reference distance for the cell neighborhood calculations has been chosen
as 20% more than the average distance between sister cells, corresponding to
distances around 12 µm. Larger values for the reference distance would lead
to faster relative displacements due to the global cell flow. Only one third of
the total number of pairs of cells for each embryo have been included into the
statistics for neighbors, to reduce the computation time. Tests using different
samplings of cells showed that this quantity of cells is enough for the stabilization
of averages, and increasing it does not change significantly the statistics.
Given these parameters, we can count the number of cells that coexist, i.e.
that are both present in the data set, for a period of time larger than a certain
number t of time steps, as shown for the embryo 141108aF in Table 2. By defi-
nition, this number is decreasing, and the decrease appears to be approximately
exponential.
3. Measurements
We define here the measurements used in the study of deviations. In the
following 〈Aij〉ij denotes the average of the quantity A over the set of pairs of
cells denoted by ij. The error bars are calculated using the standard deviation
of the quantity A over the same set.
We denote the position of cell i at time t by Xi(t) ∈ R3 and define the
relative position of two cells i and j by
Xij(t) = Xi(t)−Xj(t)
which is well defined for t in the interval [0, tij ] at which the two cells co-exist.
In this context, time is always counted from the first moment when both cells
are present in the data set. In other words, we do not consider the absolute
time of development passed after fertilization, cells at the beginning and end of
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the observation are analyzed in the same way. Based on the relative position
we define:
• the mean squared relative displacement (MSRD):
δ0(t) =
〈|Xij(t)−Xij(0)|2〉ij
• the time averaged mean squared relative displacement (TAMSRD):
δav(t) =
〈
1
tij − t+ 1
tij−t∑
s=0
|Xij(s+ t)−Xij(s)|2
〉
ij
We also define the relative increment Vij ∈ R3 by:
Vij(t) =
Xij(t+ ∆t)−Xij(t)
∆t
where ∆t is the time step (see Table 1). From it we derive two statistics:
• the relative increment autocorrelation
γ0(t) =
〈Vij(t) · Vij(0)〉ij
〈Vij(0) · Vij(0)〉ij
• the time averaged relative increment autocorrelation
γav(t) =
〈
1
tij−t+1
∑tij−t
s=0 Vij(s+ t) · Vij(s)
〉
ij〈
1
tij+1
∑tij
s=0 Vij(s) · Vij(s)
〉
ij
As one can see from the definitions, the measurements δ0(t) and γ0(t) take
values relative to the initial point in time (when two cells start to coexist), while
δav(t) and γav(t) include an additional time average to improve the statistics
and reduce noises. Besides better statistics, the comparison of the two forms
of measurements allows one to control the change in dynamics over time. In
particular, when a system is stationary one should see no difference between
both calculations.
4. Results
4.1. Short time dynamics
We first study the short time dynamics by plotting the evolution in time
of the distribution of relative increments (Fig. 3). The calculation has been
made for all embryos and all three groups of cells, but since their distributions
are similar visually, we show only that of group 1 (neighbors) of the embryo
141108aF. This plot is done using the coordinate x of the displacement vector,
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Figure 3: Distributions of the x coordinate of relative increments for pairs of group 1 (neigh-
bors). The curves follow a color gradient from blue to red denoting the evolution of the
distribution in time, for 100 time steps (4 hours). The figure shows the relative stability of
this distribution in time. Note the discrete character of the distribution, with a voxel size of
1.38 µm.
the result not being qualitatively different for other coordinates. As it can be
seen, the curves are fairly symmetric and do not change much in time.
An important characteristic of this distribution is that its width is compati-
ble with the size of cells. That means that in general, the relative displacement
of cells between two consecutive time steps is local and occurs in the neighbor-
hood of the pair of cells.
Since it is difficult to evaluate the differences between the three groups visu-
ally, we compare distributions by using the Kolmogorov-Smirnov test (Corder
and Foreman, 2014). This test returns a p-value for the compatibility of two
given distributions (Marsaglia et al., 2003). For each pair of cell groups, we
applied this test at each time step. The results were not conclusive neither for
the temporal evolution of p-values nor the relation between the three groups,
for none of the embryos. In other words, the p-values calculated both at short
and long times, and for each pair of groups were neither significantly different
nor stable enough in time to claim temporal or group differences.
We aim now to identify the distribution of relative increments (Fig. 4). The
first natural test is to compare this distribution with a Gaussian one whose
mean and standard deviation have been calculated from the sample data. The
Kolmogorov-Smirnov test distinguishes the two distributions with p < 0.1,
which is expected since the distribution of relative increments is discrete as
a consequence of image sampling in voxels and their relatively large size, with
8 voxels covering all the distribution.
For this reason, we sample the Gaussian distribution accordingly. Given a
Gaussian distribution N , we define the integer-sampled Gaussian distribution
Nˆ by the probability distribution:
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Figure 4: Distributions of the x coordinate of relative increments for pairs of neighbors at
t = 2 hours, with its corresponding integer-sampled Gaussian distribution and the mixture
model as defined in Eq. (2) for specimen 141108aF.
P(Nˆ = n) = P
(
−1
2
≤ N − n < 1
2
)
(1)
We compare the empirical distribution of relative increments with the integer-
sampled Gaussian one whose mean and standard deviation parameters have
been calculated from the data. Even in this case, the Kolmogorov-Smirnov test
distinguishes the two distributions for p = 0.1.
As one can see in Fig. 4, the empirical distribution and the integer-sampled
Gaussian one differ around zero. Therefore, we introduce the mixture distribu-
tion:
M = αNˆ + (1− α)δ0 (2)
where δ0 is a point distribution on 0. This distribution provides an effective fit
that can be interpreted as follows. There is a short-scale dynamics that cannot
be accessed in our biological data, due to the spatial granularity of the images.
This dynamics might be related to anomalous subdiffusive propagators (known
to be peaked at 0) but without having enough spatial resolution, we model it
by a Dirac delta. In addition, there is a longer-scale dynamics which leads to a
Gaussian distribution.
Using a maximum likelihood estimation, we fit the distribution of relative
increments by Eq. 2. for all time steps and for all three groups of pairs of
cells. The evolution of the parameter α is shown in Fig. 5. As one can see, the
parameter in stable in time, fluctuating around 0.9, with no visible differences
between the three groups. Note that the mixture distribution accurately fits
the empirical one on Fig. 4.
The distribution of relative increments is centered around zero. We study
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Figure 5: Evolution of the parameter α of the mixture model (2) in time, for the three groups
of pairs of cells.
now the typical size of relative increments, quantified by the standard deviation.
Its time evolution is shown in Fig. 6. We can see that the standard deviation
is slightly higher at first time steps and decreases to a stable value around 3
µm for all three groups. Note that this standard deviation is smaller than the
typical size of cells, which is around 10 µm. In addition, there is no significant
difference in the size of relative increments between the three groups.
4.2. Long time dynamics
We present now the evolution in time of the mean squared relative displace-
ments δ0 and δav for each group of cells in Fig. 7 and Fig. 8 for the embryo
141108aF, the result not being qualitatively different for the other specimens.
As one can see, all these curves grow almost linearly in time. The curves
corresponding to group 1 (neighbors) have a slightly convex shape at the end,
suggesting a faster diffusion. An interpretation of this observation is that as
cells deviate from each other, effects of drift due to differences in their respective
local flows become important. It is remarkable that the global linear behavior
is observed at time scales up to 3h, which shows a very low rate of divergence
between neighboring cells in general. The curves corresponding to the two other
groups (sisters and divided neighbors) are very similar in both cases.
Restricting the time interval to the first 200 minutes to avoid the high fluc-
tuations observed in curves for group 3 (sisters), we calculate the diffusion co-
efficient by fitting each curve by 12Dt (the extra factor 2 appears due to con-
sidering the relative displacement of two cells). At 200 min we see a MSRD
around 1600µm2, corresponding to a relative distance of 40µm. This shows
that even if the relative displacement between consecutive time steps is small,
the relative displacements at long times are larger than the size of the cell,
implying a change of neighborhood. An almost Gaussian character of relative
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Figure 6: Evolution of the standard deviation of relative increments for the three groups:
pairs of sisters, neighbors of divided cells and neighbors for specimen 141108aF.
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Figure 7: Evolution of the mean squared relative displacement δ0(t) for the three groups
on specimen 141108aF. The shadowed regions represent the standard deviation of the corre-
sponding mean squared relative displacement.
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Figure 8: Evolution of the time averaged mean squared relative displacement δav(t) for the
three groups on specimen 141108aF. The shadowed regions represent the standard deviation
of the corresponding time averaged mean squared relative displacement.
Group 1 2 3
Measurement MSRD TAMSRD MSRD TAMSRD MSRD TAMSRD
141108a 0.46 0.47 0.42 0.46 0.40 0.46
141108aF 0.56 0.66 0.59 0.67 0.50 0.60
141121a 0.45 0.48 0.40 0.45 0.37 0.43
170315aF 0.59 0.56 0.56 0.57 0.52 0.54
Table 3: Diffusion coefficients (µm2/min), calculated from the mean squared relative dis-
placement δ0 (MSRD) and time-averaged mean squared relative displacement δav (TAMSRD)
for each group of pairs of cells.
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Figure 9: Autocorrelation of relative increments γ0 for all three groups on the specimen
141108aF.
displacements and the linear growth of the MSRD with time allow us to inter-
pret fluctuations in the cells positions as (relative) diffusion. We recall that this
diffusion is superimposed with the dominant coherent motion of cells.
As one can see in Fig. 7, the groups containing divided cells can be distin-
guished from the control group at time scales up to around 4 hours using the
mean squared relative displacement and its standard deviation. This gives a
statistical significance to the difference in diffusion coefficients (see Table 3),
and supports the observation that the relative diffusion of cells after mitosis is
slightly faster. While this observation does not depend on the specimen being
studied, the diffusion coefficient values are different by a small margin between
specimens. There are many possible reasons for this difference, the most proba-
ble one being the difference in temperature (Table 1), since it is known that the
zebrafish embryo develops faster at higher temperatures (Kimmel et al., 1995),
which can imply faster diffusion. Zebrafishes develop normally between 23 and
33 degrees celsius with a developmental speed twice higher at 33 degrees. How-
ever, we do not have enough data to establish a causal relation between these
observation. Note also that the mean squared relative displacement δ0(t) and
its time averaged version δav(t) yield close values of diffusion coefficients, except
for the specimen 141108aF. This embryo was imaged at the highest temperature
(see Table 1) and has the largest deviations at later times, resulting in increased
diffusion coefficients estimated from time averages.
We also present the autocorrelation of relative increments γ0 (Fig. 9). For
all three groups we see small negative correlation at the first time step, and
very small positive one at the second time step. The time averaged version
γav behaves very similarly (not shown) and thus evidences the stationarity of
the increments of relative positions. We stress that this stationarity does not
concern the whole process of embryogenesis.
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5. Conclusion
We reported the statistical analysis of fluctuations of cell trajectories in the
early embryogenesis of four wild type zebrafish specimens.
The deviations between neighboring cells are very similar to Brownian mo-
tion, and there is no visible drift effect at lag times up to 3h. This means
that, in general, neighboring cells stay close enough to each other and remain
in a region that shares a common local flow. Therefore, one may consider the
deviation between cells as a fluctuation around the flow, and this observation
supports the stochastic component of the models of embryogenesis dynamics
(Delile et al., 2017; Ouchi et al., 2003; Pe´rez and Prendergast, 2007; Stott et al.,
1999; Liedekerke et al., 2015; Zaman et al., 2005). Furthermore, only small
differences between the long-time behaviors of the three groups of cells are ob-
served. Therefore, the common simplifying assumption of many models that
differences in behavior of just divided cells can be neglected is justified. The
characteristics that weakly deviate from the Brownian-like behavior are: (i) the
relative increments are close to but not well fitted by a Gaussian distribution
(Fig. 4), a correction term accounting for a short-time dynamics is proposed; (ii)
the standard deviation of relative increments is slightly higher in the first time
steps (Fig. 6); and (iii) relative increments are almost uncorrelated (Fig. 9).
The calculations took into account a large proportion of the data present
in the microscope images. Therefore, the aggregated statistics gathers cells
distributed both spatially and temporally within the explored developmental
sequence. The study could be applied to selected cells populations to explore
possible spatial and temporal variations. However, sampling the data manually
and identify equivalent groups in multiple datasets, in addition to be time con-
suming, may be very inefficient. For this purpose, one could explore automated
methods for the identification of cells with similar behavior (Diaz Simo˜es et al.,
2017).
The data we used consisted of four different specimens of zebrafish. In the
future, it would be important to apply the same methodology to other species
in order to reveal if the relative displacement behavior observed in our study
is universal or specific to each embryogenetical process. A potential challenge
of such a study is the unequal suitability of tracking algorithms for different
species.
Finally, we have been able to identify the distribution of relative increments
as a mixture model composed of an integer-sampled Gaussian distribution and
a point distribution around zero. The former component is related to the high
discreteness of voxels, and the latter accounts for a short time dynamics for
which the current spatio-temporal resolution of the microscopy is not sufficient.
Finer details on the distribution can potentially be obtained by using images
with a higher spatial resolution. We expect such data from recent developments
in light sheet microscopy imaging (Reynaud et al., 2014). Once combined, these
measurements can provide valuable extra information for the conception and
validation of more accurate models of embryonic development.
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